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Freshwater sources such as lakes, rivers, and reservoirs are an essential part of water
supply for irrigation, recreation, and most importantly, public and domestic water usage globally.
Compared to groundwater that requires costly facilities and infrastructure, freshwater sources
from reservoirs can be treated efficiently and effectively to quickly meet public demand. In
Indonesia, particularly, in the island of Java, there is a scarcity of freshwater source. There is less
than 5% of available freshwater, which creates multiple water management issues such as water
depletion during extensive pumping and dry period, and pollution of water due to high nutrient
and wastewater input from high-density industrial and agricultural areas. Three major reservoirs
in Java: Jatiluhur, Cirata, and Saguling are used primarily to support public, industrial,
hydroelectric, and agricultural sectors on Java Island. Considering the high-density population in
Java, these reservoirs are prone to water quality deterioration.
We implemented satellite remote sensing technique (e.g., Landsat 8), by taking advantage
of specific information from satellite data such as spatial, temporal, and spectral information to
estimate watercolor of the three reservoirs: Jatiluhur, Cirata, and Saguling as a proxy for water
quality. We used chromaticity analysis, the CIE 1931 color space, to convert wavelength specific
reflectance collected by the satellite into physiologically perceived colors in human color vision.
First, random sampling locations were established within the boundaries of the surface areas of
the reservoirs. Using these sampling locations, reflectance spectra information was extracted

from the satellite data in time and space to address the following research questions: 1) what are
the watercolor of the reservoirs based on spectral and spatial variation?; 2) how the watercolor
changes overtime? (2014-2021); and 3) what causes the change in watercolor of the reservoirs?
(e.g., natural vs anthropogenic).
This study showed that in 2014, the Jatiluhur and Cirata reservoirs exhibited low to
moderately disturbed water (blue to green and yellow watercolor), while the Saguling reservoir
displayed constant yellow and orange watercolor from 2014 to 2021. The change in the
watercolor of the Jatiluhur and Cirata reservoirs may be associated with the transport of
nutrients, suspended sediments, and microorganisms from Saguling reservoir (i.e., natural
causes) which is located upstream of the two reservoirs. On the other hand, the yellow and
orange watercolor of the Saguling reservoir signifies anthropogenic inputs: public and industrial
wastewater. Furthermore, this study demonstrated a new way of monitoring water quality of
large water bodies using watercolor chromaticity analysis and satellite remote sensing data in
regions where there is a scarce freshwater resource.

KEYWORDS: Watercolor; Chromaticity analysis; Satellite reflectance; Color space; Landsat 8;
Reservoirs; Java Indonesia
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CHAPTER I: INTRODUCTION
Freshwater sources such as lakes, rivers, and reservoirs play a crucial role for mankind
and the environment. These sources of freshwater sustain not only the marine but also the
terrestrial ecosystem worldwide. Lakes and rivers cover a small portion of the Earth’s total
surface area, about 1.4% of the Earth’s total land area and we rely on these freshwater sources to
support different aspects of human’s life in food and land, industrial and domestic water supply,
and fishing and recreation. For instance, in the Midwest and West Coast of the US, rivers and
lakes are used for agriculture and irrigation purposes, as well as fishing industry and recreation in
the Great Lakes. The world’s major rivers and lakes also provides societal importance in
generating electricity through hydropower, about 16% of world’s total electricity and 72% of all
renewable electricity globally, and also accommodate trade routes (Best, 2019; Gernaat et al.,
2017). Furthermore, in terms of freshwater usage, the biggest consumption of global freshwater
withdrawals come from agriculture (nearly 38%) where 32% of the water is returned back as
wastewater which disturb the organisms in freshwater systems, such as fish, aquatic plants, and
invertebrates (Brönmark & Hansson, 2002; Koncagül et al., 2017).
Lakes and rivers are vulnerable to different stressors such as anthropogenic activities and
climate change. Over the last few decades, human population has increased significantly, as a
result, water demand also increases, causing multiple issues to the availability of clean
freshwater supply globally (Kummu et al., 2011). Global issues related to lakes and rivers
include water pollution as demand for agriculture and irrigation grows. While animals and plants
need nutrients to grow, these nutrients eventually become a major pollutant (e.g., nitrates and
phosphates) when wastewater and agricultural runoff containing these elements and other
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elements (e.g., arsenic, lead, chloride, and fluoride) enter the lakes and rivers (Dieter & Maupin,
2017).
In the Southeast Asian countries such as Indonesia, freshwater availability depends on
location. Five major islands (Java, Sumatera, Sulawesi (Celebes), Kalimantan (Borneo), and
Papua) and 2 minor islands (Bali – Nusa Tenggara and Maluku) make up Indonesia. Papua and
Kalimantan are less populated compared to Java, but these 2 islands stored the largest freshwater
resources (>50%), while Java only has <5% freshwater availability to support its densely
populated island and Indonesia’s major economic activities which includes agriculture,
aquaculture, and electricity (Bons, 2016). Java island is Indonesia’s major producer of
agriculture where freshwater source is scarce (Bons, 2016). Other islands such as Kalimantan,
Sulawesi, and Papua, the freshwater is used primarily to support the public needs and rapid
expansion of oil palm plantations which contribute to nutrient losses and contaminated water
(Comte et al., 2012).
Pollution to freshwater bodies could also come from natural causes such as earthquakes,
flooding, climate change, and landslides. For example, about 45 × 109 m3 sediment were
deposited into the Jamuna-Padma-Meghna river system during the 1950 Assam-Tibet’s
earthquake creating a wave of bed-load material and channel widening (Best, 2019). Under
warming climate by 1.5 ℃, a review study of stresses on the world’s largest rivers indicated that
by the late twenty-first century, a greater population along the world’s flood-prone rivers will
experience an increase in flood frequency by 60% including regions such as Southeast Asia,
Central Africa, Central Europe, and Canada (Best, 2019). An increase in mean water temperature
will most likely cause a significant change for lakes and rivers, specifically, on stratification and
growth of aquatic organisms. Thus, aquatic organisms would require more food or nutrients to
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support their higher metabolic rates as a result of warming climate (Brönmark & Hansson, 2002).
Furthermore, in Hokkaido, Japan, where landslides occurred quite regularly, sliding surface,
landslides deposits, and landslide-dammed lakes are formed. As a result, these newly-surface
soil, deposits, and lakes are exposed to the interaction with surface waters which could increase
solute load contaminated with different ions concentration (e.g., Ca2+, Na+, etc.) and heavy
metals (e.g., Mn, Fe, etc.) from precipitated water and residual soil (Yoshihara et al., 2022).
Warming Earth due to climate change is mainly driven by the emission of CO2 gas in the
atmosphere as a result of anthropogenic activities (Mikhaylov et al., 2020). It has impacted water
availability and quality, which in turn alter the chemical reactions and the morphology of lakes
and rivers. Few studies (Byun et al., 2019; Woolway et al., 2021) have assessed the impact of
climate change (e.g., increasing air-water temperature and water quality) on lakes and rivers
based on different simulations, and suggested that there will be frequent droughts in summer due
to low flows from both reservoirs and an increase in sediment loads brought about by high water
flows in spring season.
The use of remote sensing satellites has long been recognized and used for studying water
quality issues. Investigations through remote sensing techniques can be used directly or
indirectly to distinguish different water quality indicators by using a signature of chlorophyll-a
(chl-a), Colored Dissolve Organic Matters (CDOM), Secchi Disk Depth (SSD), turbidity, Total
Suspended Sediment (TSS), air-water temperature, Total Phosphorus (TP), Sea Surface Salinity
(SSS), Dissolved Oxygen (DO), Biochemical Oxygen Demand (BOD), and Chemical Oxygen
Demand (COD). These parameters could be measured in-situ and by using the spectral, spatial,
and temporal characteristics of the satellite data at different bands or wavelengths (Gholizadeh et
al., 2016; Usali & Ismail, 2010). Moreover, remote sensing techniques has been used to detect
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watercolor of freshwater or ocean water on regional and global scale as a proxy for water quality
parameters (e.g. chlorophyll-a is used to detect agal bloom) (Gardner et al., 2021; Lehmann et
al., 2018; Yang et al., 2021). However, the interpretation of watercolor from human eye is
subjective, therefore, remote sensing is used for quantitative determination of the color of water
(e.g., ocean and inland freshwater bodies). Quantitatively, remote sensing satellite sensors take
measurement of the energy reflected back from surface water bodies at different wavelengths.
This information can be used to determine watercolor using chromaticity analysis.
Lehmann et al (2018) and Wang et al (2015) have used chromaticity analysis and ForelUle Color Index (FU Index) to establish standardized method for determining watercolor by
using four or more spectral bands in the visible spectrum (Wagh et al., 2020). FU Index is a scale
used to distinguish apparent color of different natural surface water bodies (Garaba et al., 2015).
Watercolor is a new tool in remote sensing that can be used to measure different properties of
water such as its quality and may also inform us about suspended materials and other
biogeochemically significant constituents. Additionally, chromaticity analysis and FU index is an
attribute or tools to remove subjective bias on watercolor, particularly on the red, green, and blue
color. In other words, when our eyes see a brown watercolor, it may indicate the water is
saturated with suspended materials, whereas blue may imply pure water (i.e., no suspended
materials or optically active constituents in the water) (Wagh et al., 2020). On the other hand, the
variation in watercolor of a water body could be a reflection of its depth, elevation, temperature,
precipitation, and the ecology of the lake and river organisms (Yang et al., 2021). Satellite
sensors can provide information about watercolor of surface waters based on the reflectance,
absorption, and scattering of wavelengths in the visible spectrum (400-700 𝑛𝑚) (Schofield et al.,
2004). A remote sensing study on watercolor patterns for both rivers and lakes that are > 60 m

4

wide (Gardner et al., 2021) suggested that watercolor from satellite remote sensing, characterized
by the absorption and reflectance of the constituents, can be linked to the amount of sediment,
algae, colored dissolved organic matter (CDOM), and eutrophication (Lehmann et al., 2018).
Generally, the field of remote sensing has experienced some major changes from when it
was first introduced in 1850s, but only became publicly available by late 1990s. In the first
development stage, remote sensing is only used for aerial photography by using birds (1850s),
then it shifts to airplanes (1960s – 1970s), and by 1990s, the term remote sensing has been
widely used for scientific and public use, particularly on understanding the Earth’s physical
environment (Cracknell, 2018). With remote sensing satellites, it is now possible to measure
property of lakes and rivers, including its width, volume, height, velocity, water quality, and
watercolor (Gardner et al., 2021; Kääb et al., 2019; Onderka & Pekárová, 2008; Smith &
Pavelsky, 2008; Tourian et al., 2017). While hydrological modeling and physical measurement
provide useful data for analyzing lakes and river system, they often fail to incorporate large
regional areas that may have information about regional trends. Although the downsides of using
satellite instruments (e.g., Landsat, MODIS, Sentinel, etc.) to collect data over large areas is that
they are influenced by cloud cover, seasonal darkness, and nighttime conditions.
Nowadays, analyzing watercolor patterns in lakes and rivers over large areas using
remote sensing imageries is made possible by using readily available algorithms stored in cloud
computing platform such as Google Earth Engine to remove cloud coverage (Mateo-García et
al., 2018). Other computing platforms (e.g., ArcGIS, ENVI, SeaDAS, SNAP, etc.) also has the
ability to do more complex spatial analysis such as monitoring water storage changes in the
intensively Northern High Plains from GRACE satellite (Seyoum & Milewski, 2016) and inland
water quality by using cloud computing and machine learning (Sagan et al., 2020).
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In Southeast Asia, particularly in Indonesia, where the entire nation consists of > 17,000
islands is surrounded by ocean. Freshwater is an integral part in such maritime country. Although
potential groundwater availability in Indonesia is abundant, there is not enough facilities and
infrastructure to support public demand. Thus, surface water in the mainland is often used for
aquaculture and agriculture development, sustainable hydropower, and for supporting economic,
water, and food security (Wulandari et al., 2021). Here, aquaculture is termed as a controlled
cultivation of valued aquatic organisms (e.g., fish, mollusks, crustaceans, algae). Specifically, in
West Java, three major reservoirs such as Jatiluhur, Cirata, and Saguling have been the major
centers for these activities where Jatiluhur is Indonesia’s largest reservoir. These reservoirs
operates as water supply for the entire island of Java (Bons, 2016).
The quality of these freshwaters is affected by sewage from municipal and industrial
activities. For example, in the city of Bandung, the water supply for public, agriculture, and
industrial use is provided from the nearby reservoir: Saguling, while Jakarta relies on Jatiluhur
reservoir for its water supply. The city of Bandung is the second-most populated cities (nearly 9
million inhabitants) next to Jakarta, and heavily industrialized (> 540 industries) (Marselina &
Burhanudin, 2017). The waste water from mainly industrial and domestic use pollutes the water
in the reservoirs with organic matters, nutrients, and significant heavy metals concentration (Hart
et al., 2002).
Since there are more urbanization, industrialization, and land use change in the island of
Java in the last several decades than any other islands in Indonesia, the aforementioned
reservoirs are prone to poor water quality (i.e., highly polluted water) and eutrophication due to
nutrient runoff (Marselina & Burhanudin, 2017; Taskov et al., 2021). Jatiluhur, Cirata, and
Saguling reservoirs are constructed between 1965 and 1987, and over the years, these reservoirs
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have experienced multiple water quality issues as a result of uncontrolled expansion of fish
farms, untreated domestic and industrial wastewater, deforestation, and climate change
(Fulazzaky, 2010; Leal Filho, 2012; Takeuchi et al., 2004)
Although physical-based data on water quality in Citarum watershed has been addressed
(Hayami et al., 2008; Jumiarni et al., 2008; Marselina & Burhanudin, 2017; Taskov et al., 2021),
there is a lack of spatial data on surface water properties such as watercolor in this region,
specifically on major reservoirs on smaller scale compared to multiple studies of lakes and rivers
watercolor on national-global scale. Therefore, this study estimated watercolor as a proxy to
identify water quality issues for major surface water bodies in West Java, Indonesia: Jatiluhur,
Cirata, and Saguling. Spatial and spectral patterns and temporal changes of watercolor are
investigated by using chromaticity analysis. The spatial, temporal, and spectral patterns on
surface water will assisted us to understand the causes of change in watercolor (e.g., natural and
anthropogenic causes).
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CHAPTER II: STUDY AREA
The study area is located in Indonesia, particularly, on the island of Java (Figure 1). The
three reservoirs (e.g., Jatiluhur, Cirata, and Saguling) are located in between the capital of
Indonesia, Jakarta (100 km southeast), and one of major populated (approximately 5.66 million)
and industrialized city, Bandung (30 km west). During the early construction of these man-made
reservoirs along the course of a river that are interconnected, they are inundated over the years to
generate economic income. These reservoirs have been the primary focus to support public water
supply, electricity, and economic and food security through agriculture and aquaculture to the
surrounding cities.
The upper basin of Citarum watershed (Figure 1) consist of high population density and
industrial activities in Bandung city, whereas the middle basin is relatively far from industrial,
agriculture, and human impact to the water qualities of the reservoirs. On the other hand, the
lower basin is surrounded by high-density croplands, yet the City of Jakarta depend on Jatiluhur
reservoir for its water supply.
Generally, Indonesia only has two seasons: rainy seasons (November-April: 1,840 mm
rainfall) and dry seasons (May-October: 740 mm rainfall), with average annual temperature
ranging from 23-29 ℃ from high mountain regions to the coastal plains, respectively. Water and
air temperature is reported at an average of 33 and 30 ℃, respectively, in the surrounding
Jatiluhur, Cirata, and Saguling reservoirs (Leal Filho, 2012; Prabangasta et al., 2020). Jatiluhur,
Cirata, and Saguling reservoirs constitutes about more than 200 km2 area, with catchment area is
approximately 11,000 km2. Lake morphometric and hydrological data are provided in Table 1
(Jumiarni et al., 2008).
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Figure 1. The location of Jatiluhur (lower basin), Cirata (middle basin), and Saguling (upper basin) reservoirs in
West Java, Indonesia. Red square indicates location and the extent of major cities such as Jakarta and Bandung; blue
lines indicate rivers; and yellow dot is sampling locations.
Table 1. Morphometric and hydrological data for Jatiluhur, Cirata, and Saguling. Data retrieved from (Jumiarni et
al., 2008)

Parameter

Jatiluhur

Cirata

Saguling

Surface Area (ha)

8300

6200

5607

Catchment Area (km2)

4607

4119

2315

Mean Water Volume

3200

2165

985

Mean Depth (m)

36.4

34.9

17.5

Shoreline Length (km)

163

181

473

Year of Impoundment

1965

1987

1985

(×106 m3)
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2.1 Geologic and Hydrologic Settings
Geologically, the study area lies along the Indo-Australia plate (e.g., Sunda Arc Trench)
that extends about 7000 km from northwest of Sumatra through Java and to East of Timor. The
country is also home to one of the most volcanically active regions in the world (e.g. 147 active
volcanoes), where half of the active volcanoes are located in Sumatra, Java, and Lesser Sunda
islands (Pacey et al., 2013). The regional geology of the study area can be divided into four
distinguished categories, namely: (1) the old volcanic products with material made up of sand
tuff, lapilli, clay, silt, and gravel; (2) the young volcanic products mainly composed of turbidites
sediments; (3) the fluvial and shallow marine sediments, and lava fragments of andesite-basalt;
(4) and, the sand deposits (primarily sand tuff) (Bemmelen, 1949; Yulianto et al., 2019).
The hydrologic setting of the reservoirs is divided into three parts of Citarum watershed
which flow north-westward to Java Sea. Saguling reservoirs constitutes the upper part, Cirata in
the middle, and Jatiluhur in the lower part (Figure 1). The upper and middle sub-basin are
primarily used for water supply (e.g., public and industry), electricity, and economic income for
the city of Bandung, whereas the lower sub-basin is used for the city of Jakarta (e.g., water
supply) (Janottama & Triana, 2022; Leal Filho, 2012).
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CHAPTER III: METHODS
The methods used for this study consists of two parts such as remote sensing data
extraction (e.g., collection of scenes or imagery) and data analysis and watercolor determination
using ArcMap software, and an open-source computer program for statistical computing and
graphics analysis, RStudio. The outline of the methodology applied in this study is shown below
(Figure 2).

Figure 2. Simplified flowchart of the methods used in the study.

3.1 Remote Sensing
3.1.1 Landsat 8 – Imagery Collection and Processing
Landsat 8 imageries were used primarily to collect the reflectance spectra using randomly
generated sampling locations inside the boundaries of the three reservoirs/lakes in the study area
(See Figure 3). Each imagery from Landsat were collected from 2014 until 2021 only on dry
periods which last from May until October with parameters such as cloud noise/coverage is less
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than 10% for each year. Due to the nature of relatively high cloud coverage in Indonesia, we
were only able to collect Landsat 8 imageries for the following months (years): May (2017 &
2021), June (2014 & 2015), July (2020), August (2019), October (2018).
We used Google Earth Engine (GEE, https://earthengine.google.com/) for acquiring the
satellite imageries by applying cloud filtering using mean reducer algorithm in GEE. Briefly, the
cloud filtering script will choose the date that has the least cloud cover within the time range of
our study, then the mean reducer will take the mean pixel value of an image collection for a
given year. This will help us to find better quality and complete imageries. It is also important to
point out that this study excluded the imagery only for year: 2016 due to high cloud coverage
year-round even during dry periods. The spectral and spatial information of Landsat 8 (LS08) are
presented in Table 2 for reference. During satellite scene acquisition, we only focused on the
latest collection (i.e., in terms of satellite image processing) of Landsat imagery such as
collection 2 and level 2 data, where atmospheric correction was automatically performed by the
cloud-computing platform.

3.2 Surface Reflectance and Chromaticity Coordinates
The reflectance spectra values were collected by using random locations (i.e., sampling
locations) tools in ArcGIS. Random points will create a specified number of random point
features inside a constraining feature class, in this case, within the boundary of the three
reservoirs. Twenty random sampling locations were generated for each reservoir instead of
manually (biased sampling) assigned them in different parts of the reservoirs in order to avoid
any spatial bias on the sampling locations. This yields a total of 60 random location points for all
the three reservoirs for a given year, which stays at the same exact location despite if images
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from different years are used. In other word, the same 60 random sampling locations in 2014,
will also be used in 2015, 2017, etc. When we combined the 7 imageries (2014-2021) with 60
random sampling locations, we have a total of 420 sampling locations (observation) that will be
plotted into the color space in respect to (a) all dataset for each reservoir, (b) temporal variability,
and (c) spatial variability.
This method sufficed surface reflectance value collection since the random points will
approximately calculate the surface reflectance for each pixel within 25 meters distance of the
points. Afterward, the mean and standard deviation of surface reflectance values from 60 random
points were extracted by using zonal statistics tool in ArcGIS for each band (e.g., B2, B3, and
B4) for each year (e.g., 2014-2021). Then, the extracted reflectance values were imported into
Microsoft Excel, where data reduction, correction, and further calculation of reflectance spectra
values were completed for each band using Equation 1. Then, we used the corrected reflectance
values for each Red (letter R in equation 2, Band 4), Green (G – Band 3), and Blue (B – Band 2)
bands for another conversion using equation 2 and 3 in order to generate the chromaticity
coordinates.
(𝑀𝑒𝑎𝑛 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑣𝑎𝑙𝑢𝑒𝑠 × 0.0000275) + (−0.2)

(1)

𝑋 = 2.7689 𝑅 + 1.7517 𝐺 + 1.1302 𝐵
𝑌 = 1.0000 𝑅 + 4.5907 𝐺 + 0.0601 𝐵

(2)

𝑍 = 0.0565 𝐺 + 5.5943 𝐵

𝑥=

𝑋
𝑋+𝑌+ 𝑍

𝑦=

𝑌
𝑋+𝑌+𝑍

𝑧=

𝑍
𝑋+𝑌+𝑍
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(3)

Table 2 Spatial and Spectral information of Landsat 8. B2 (Blue - B), B3 (Green -G), and B4 (Red – R)
bands are used for conversion.

Band
B1
B2
B3
B4
B5
B6
B7
B8
B9
B10
B11

Spectral region
Coastal Aerosol
Blue
Green
Red
NIR
SWIR1
SWIR2
Panchromatic
Cirrus
TIRS 1
TIRS 2

Landsat 8
Wavelength (nm)
435-451
452-512
533-590
636-673
851-879
1566-1651
2107-2294
500-680
1360-1390
>10000
>10000
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Resolution (m)
30
30
30
30
30
30
30
15
30
100
100

Figure 3 Randomly generated sampling locations for the Cirata reservoir illustrated in yellow dot. Landsat imagery
acquired from USGS Global Visualization Viewer (https://glovis.usgs.gov/app).

3.3 Chromaticity Analysis
Once reflectance values were converted into x-y chromaticity coordinates, we used R
statistical programing for chromaticity analysis. The following procedures were implemented to
generate color space (chromaticity) diagram (Figure 4) from RGB reflectance values:

1) Satellite reflectance spectra values transformed into the CIE Spaces plot using R. With
tristimulus values X, Y, and Z, the colors will be plotted on the visible spectrum rather than
reflectance spectra. The standard colorimetric system of the Commission Internationale de
l’Éclairage (CIE) defines color mathematically by weighting the light spectrum within the
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chromaticity curves, specifying the respective sensitivity of human eye to the primary color
(Lehmann et al., 2018; S. Wang et al., 2015; Wernand & Woerd, 2010).

2) a) Chromaticity coordinates (x, y) are derived based on the tristimulus values X, Y, and Z.
However, we only used X and Y tristimulus values, then converted them into x and y
chromaticity coordinates. In the CIE space plot, dominant wavelengths (𝜆𝑑 ) is shown in nm
on the chromaticity curve (Figure 4). Point S indicates white reflection radiance spectrum,
Φ(𝜆), where x = y = z = 1/3 (the center point). 𝜆𝑑 of a specific Φ(𝜆) is obtained
geometrically by drawing a line from point S through the x, y coordinate of the specific Φ(𝜆)
indicated by point C, to the chromaticity boundary, point D. Thus, the intersection of SC and
SD determines the 𝜆𝑑 of color C with the wavelength location correspond to the boundary (S.
Wang et al., 2015).
b) x’ and y’ axes that intersect perpendicularly at point S are used to determine the angular
reference table of 𝜆𝑑 from 380 to 770 nm, the new x’ and y’ axes will divide the chromaticity
diagram into four quarters (S. Wang et al., 2015).
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Figure 4 Chromaticity diagram bounded by chromaticity curves. Point S (white) located at x=y=z=1/3. Black dots
indicate wavelengths in nm. Plotted data are indicated with different shapes inside the chromaticity curves (i.e.,
color space), legend of the plotted data for each year is in the top-right corner. The x’ and y’ axes are indicated by
blue line.

3) The angle 𝛼 between a vector indicating a point with coordinates (x’, y’) and the positive x’
axis is calculated, where x’ and y’ denote the new coordinates in the original chromaticity
coordinate system (x, y). The ARCTAN2 function specify a four-quadrant inverse tangent
function that allows 𝛼 to range from −180° to 180° , i.e., from the negative x’ axis, spinning
clockwise back to the negative x’ axis. The ARCTAN2 function will allow for monotonous
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increase of the angle 𝛼 in increasing order and to construct the dominant wavelength as
reference (S. Wang et al., 2015).

4) Then, we used RStudio for plotting the data into the color space of the chromaticity diagram.
Specifically, we used R package “PAVO”. The “PAVO” package is a suite of tools for
comprehensive analysis of spectral and spatial data, and color patterns. For detail information
about the “PAVO” package, readers are referred to the “PAVO” handbook website
(https://book.colrverse.com/index.html) (Maia et al., 2019; S. Wang et al., 2015; Y. Wang &
Yésou, 2018).

5) Lastly, the results were analyzed by creating color space plots for: (a) all dataset plotted into
one chromaticity diagram; (b) temporal plots for individual reservoirs; and (c) spatial plots
for different locations. Briefly, the color space plots with (a) all data are plotted by using all
sampling locations (420 observation), while color space plot for (b) are plotted in respect
with time for each reservoir, which simply means all sampling location in 2014 will be
plotted in one color space plot, the same process is also applied to 2015 – 2021 data. For
color space plots with different spatial information (c), individual sampling location are
plotted. As the result, some of the sampling locations (data) tend to be clustered in one region
of color space (less scattered) and some other data are scattered (variable color patterns).

3.4 Long-term Seasonal Precipitation
Long-term and seasonal precipitation rate (2013-2021) for the study area and Java Island
as a whole were analyzed. The annual precipitation was divided into three-months periods (e.g.,
Dec- Feb, Mar-May, etc.) in order to see the pattern of wetter and drier area in the study area and
compared with change is watercolor.
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CHAPTER IV: RESULTS
4.1 All Reservoirs
4.1.1 Satellite Reflectance
Figures 5 and 6 displayed summary of surface reflectance spectra values for each
reservoir, Jatiluhur, Cirata, and Saguling from 2014-2021. As it shown in Figure 5, in 2018, the
surface reflectance (SR) for all bands (Blue, Green, and Red) is higher than any other years for
all reservoirs. The box plot indicated that surface reflectance for each band were relatively
similar between reservoirs, generally it ranges between 2-6% (Figure 6). Approximately, Blue
and Red bands show similar median and mean (between 0.02 and 0.04) of the dataset, except for
Green band. Moreover, for all reservoirs, surface reflectance in the Blue band has the lowest
outliers (colored dots), with 1 outlier in Saguling reservoir, while in the Red band has the highest
outliers, with 9 outliers in Saguling reservoir. Outliers signifies value that lies outside (much
smaller or larger than) most of the other values in the dataset.
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Figure 5 Mean satellite reflectance for each reservoir, a) Jatiluhur, b) Cirata, c) Saguling showing only the variation
of each band (Blue, Green, and Red) from 2014-2021.
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Figure 6 Surface reflectance for B2 (Blue), B3 (Green), and B4 (Red) for each reservoir from 2014-2021. Outliers
are illustrated in colored dots, while mean and median are cross symbol and horizontal line inside the box,
respectively.

4.1.2 Chromaticity Analysis
Figure 7 showed the chromaticity diagram of all the data points (60 sampling points) for
all reservoirs for the year 2014-2021. Most of the data are clustered in the upper right quadrant
above the white point where the CIE x and y axes value is 0.3. Generally, Jatiluhur and Cirata
plot in the color space showed similar pattern ranging from blue to yellow and green color
spaces, while Saguling reservoir showed clustered points in yellow and few points in the green
color space.
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Figure 7 Chromaticity diagram for all datapoints for all reservoirs from 2014-2021.

4.2 Jatiluhur Reservoir
4.2.1 Surface Reflectance
Surface reflectance for Jatiluhur reservoir is illustrated in Figure 8 Generally, 2018 has
high surface reflectance (SR), while all other years has low and relatively similar pattern of
surface reflectance with value range approximately between 0.01 and 0.05. Higher surface
reflectance observed in the Green band compared to Blue and Red bands in 2015, 2018, and
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2019 (e.g., median and mean > 0.04). Additionally, most outliers are recorded in Red bands in
2018 whereas the least outliers are recorded in Blue and Green bands in 2014, 2017, and 2020.

SL_5
SL_4

Figure 8 Surface reflectance of Jatiluhur reservoir from 2014-2021. Outliers are illustrated in colored dots, while
mean and median are cross symbol and horizontal line inside the box, respectively. Band 2, 3, and 4 are represented
by Blue, Green, and Red box.

4.2.2 Chromaticity Analysis
Overall, the spatial, spectral, and color patterns of the Jatiluhur reservoir from 2014-2021
showed the most widespread points, ranging from blue to green and yellow color, and few in the
yellow/orange color space. Most of the data are clustered just above point S (white dot) and
trending mainly towards green and yellow colors, and only few points are located in the blue
color space (See Figure 9).
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Figure 9 Chromaticity diagram for Jatiluhur reservoirs consisting of all sampling locations over the years, indicated
by different-shapes symbol in the color space.

4.2.2.1 Temporal Variability
Figure 10 showed the chromaticity diagram for Jatiluhur reservoir for each year (20142021). Essentially, it showed how the plot in color space change over time. For example, in 2014
the samples showed widely distributed colors from the blue to green range. However, the color
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pattern shifted to narrow color range in the green color space in 2017, then shifted again to
yellow in 2018. In 2019-2021, the watercolor shifted again towards green color space. Generally,
the watercolor changes from more diverse color to narrower and homogeneous color space.

Figure 10 Chromaticity diagram for Jatiluhur reservoirs for each year (2014-2021). Plotted data are indicated by
black dot.
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4.2.2.2 Spatial Variability
Figure 11 represents the spatial variability of watercolor for Jatiluhur reservoir in the
color space for different years. Essentially, each plot corresponds to different sampling locations
in Jatiluhur reservoir, and chromaticity diagram showed that there are sampling points plotted in
the color space showing less and more variability (i.e., spread of the sampling points over the
color space). Thus, the data was divided into two groups: locations exhibited less consistent color
pattern (less variability) and locations depicted more variable color pattern (more variability)
over time. In other words, we grouped the sampling locations based on most scattered (more
variability) and less scattered (less variability) sampling points for each year. For example, less
variability is only showing a clustered plot in light yellow-green color space (Figure 11a),
whereas more variability shows a color space plot that shifted from blue to yellow-green color
(Figure 11 b). Moreover, more variability plot showed the color space is shifted from yellow to
blue, then shifted again to light yellow-green color.

Figure 11 Chromaticity diagram for Jatiluhur reservoir showing the variability of sampling points (locations) from
2014-2021. Plotted sampling points are shown in different shapes.
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4.3 Cirata Reservoir
4.3.1 Surface Reflectance
Surface reflectance for Cirata reservoirs is shown in Figure 12. All surface reflectance
(values in the Blue, Green, and Red bands were consistent during 2014-2017 (e.g., between 0.02
and 0.05), then increased in 2018 (which was the highest value) and 2019, and back to the trend
as in 2014-2017 period. Considering median and mean values of reflectance for individual
bands, the highest reflectance in the Green band occurred in 2018, while the lowest median and
mean reflectance is observed in the blue band in 2021 and 2020, respectively. Red band in 2014
and Green band in 2015 has more outliers than the rest of the plot for individual year. However,
Green and Red bands in 2017 have the most spread outliers, whereas in 2020 there is no outliers.

SL_33

Figure 12 Surface reflectance of Cirata reservoir from 2014-2021. Outliers are illustrated in colored dots, while
mean and median are cross symbol and horizontal line inside the box, respectively. Band 2, 3, and 4 are represented
by Blue, Green, and Red box.
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4.3.2 Chromaticity Analysis
The chromaticity diagram for Cirata reservoir is illustrated in Figure 13, which shows
similar pattern to chromaticity diagram of Jatiluhur (see Fig. 9) except that Cirata showed
relatively fewer blue data points in the colors pace. Spatially, Cirata reservoir in the color space
has dominantly light-yellow/green, few yellow, and green color plot. The data points in the color
space showed a continuous plot similar to Jatiluhur, while a gap and clustered data points in the
green color space were observed for Cirata (Figure 13), which is dominated by data points from
2017-2019. Samples in the blue color space is dominated by data from 2014.
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Figure 13 Chromaticity diagram for Cirata reservoirs consisting of all sampling locations over the years, indicated
by different-shapes symbol in the color space.

4.3.2.1 Temporal Variability
Figure 14 illustrates the comparison of chromaticity diagram for each year (2014-2021)
only for Cirata reservoir. In 2014, the plot extends from blue to yellow and/or green color space,
while all other years has no blue color plot but shows a shifting trend from green to yellow (e.g.,
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2015-2018), and shifted again to more samples in green color space (e.g., 2019-2021). From
2014-2017, there are outlier points which plotted in green and/or yellow color space separated
from the first of the samples plotted in approximately blue and/or light yellow/green color space.
The division is diminished in 2018-2019 showing clustered samples in the yellow color space. In
2020, again, two clusters formed in the green color space in 2020 and become more prominent in
2021.

Figure 14 Chromaticity diagram for Cirata reservoirs for each year (2014-2021). Plotted data are indicated by black
dot.
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4.3.2.2 Spatial Variability
Figure 15 represents the variability of sampling locations for Cirata reservoir in the color
space from 2014-2021. Specifically, it shows how the sampling point varies over time in the
color space plot. Notably, the less variability plot shows more clustered sampling points, while
more variability plot illustrates a change in the color space from blue to green from 2014-2021 or
the opposite may be true as well. For instance, with more variability, there are data points
plotted/clustered in the green color space, while the data points that are plotted in the
yellow/orange color space shows an overlapping pattern similar to Fig. 15a.

Figure 15 Chromaticity diagram for Cirata reservoir showing the variability of sampling points (locations) from
2014-2021. Plotted sampling points are shown in different shapes.

4.4 Saguling Reservoir
4.4.1 Surface Reflectance
Figure 16 shows the surface reflectance for Saguling reservoir from 2014-2021. Overall,
the surface reflectance in 2018 has the highest value (e.g., median and mean), whereas all other
years stays relatively constant between 0.015 and 0.045 for Blue, Green, and Red bands. Green
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band is generally higher than Blue and Red bands overtime. In terms of outliers, the most outliers
in the data are registered to 2019, where Green band has the farthest outliers from most of the
other reflectance values in the dataset.

SL_53

Figure 16 Surface reflectance of Saguling reservoir from 2014-2021. Outliers are illustrated in colored dots, while
mean and median are cross symbol and horizontal line inside the box, respectively. Band 2, 3, and 4 are represented
by Blue, Green, and Red box.

4.4.2 Chromaticity Analysis
The chromaticity diagram for Saguling reservoir shows a distinct pattern in the color
space, where most of the sampling points (i.e., plotted data) are clustered in the light
yellow/green color space, with some variation towards the green space in 2017. Although the
only plot that is close or near the blue space is shown by sampling points from 2014, they are
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closer to the white point rather than blue color space (see Figure 17). There are also few points
from 2014 plotted in the brighter green/yellow color space.

Figure 17 Chromaticity diagram for Saguling reservoirs consisting of all sampling locations over the years, indicated
by different-shapes symbol in the color space.
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4.4.2.1 Temporal Variability
Figure 18 shows spatial and temporal changes for each year (e.g., 2014-2021) for
Saguling reservoirs. For example, the plot in 2014, has more plot from close to the white point
towards the green and yellow color space. Generally, the trend showed various color ranges from
2014 until 2021, in which the plot starts from white to yellow and green color space in 2014,
then shifted from wider yellow range (i.e., light-yellow to yellow) to a narrower yellow color
space in 2018. Then in 2019, the plot started to shift towards green and/or light-yellow color
space. Lastly, in 2020, the plot is trending towards green, while in 2021, the plot stays clustered
in the light green/yellow color space.
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Figure 18 Chromaticity diagram for Saguling reservoirs for each year (2014-2021). Plotted data are indicated by
black dot.

4.4.2.2 Spatial Variability
The variability of sampling locations (points) of Saguling reservoir in the chromaticity
diagram is illustrated in Figure 19. Primarily, both diagram shows there is no plot in the blue
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color space. Moreover, for the less variability diagram, it shows a more clustered plot in the
yellow/green color space. With more variability diagram, the plots are scattered towards green.

Figure 19 Chromaticity diagram for Saguling reservoir showing the variability of sampling points (locations) from
2014-2021. Plotted sampling points are shown in different shapes.

4.5 Long-term Seasonal Precipitation
The seasonal precipitation for the study area and Java Island as whole revealed that the
driest period occurred in JJA (June-August, mean precipitation=1.59 mm/day) in the Eastern-half
of the island, while the wettest period occurred in DJF (December to February, mean
precipitation=17.58 mm/day), followed by MAM (March to May, mean precipitation=12.3
mm/day) in the Central to Western-half of the island. High precipitation rate in MAM followed
by dry period after the month of May might suggest high rate of nutrients/sediments transport
from one reservoir to another (e.g., Saguling to Jatiluhur) on MAM. Then, in the following
months (JJA – SON), the precipitated water is either stored in the groundwater, surface water, or
drains to the Java Sea (See Appendix A1-A4).
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4.6 Socioeconomic Impact
Figures 20 and 21 illustrate the distribution of cropland and population density in the
island of Java and around the study area. Figure 20 showed the Saguling and Cirata reservoirs,
which are located in the upper and middle basin of Citarum watersheds, have lower cropland
density, while Jatiluhur reservoir is surrounded by high-density of croplands. Figure 21 showed
that the Saguling reservoir (i.e., lower basin) is surrounded by high population density, the city
of Bandung, which is described as major industrialized city, whereas the Cirata and Jatiluhur
have low population density. This corresponds with the impact on water quality from
anthropogenic activities.

Figure 20 Cropland density in Java Island, Indonesia. Red color suggests high-density cropland, while dark green
suggests low-density cropland in an area. Data collected from 2000-2022 through SEDAC
(https://sedac.ciesin.columbia.edu/).
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Figure 21. Population density in Java Island, Indonesia. Purple color suggests high-density population, while light
yellow suggests low-density population in an area. Data collected from 2000-2022 through SEDAC
(https://sedac.ciesin.columbia.edu/).
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CHAPTER V: DISCUSSION
5.1 Surface Reflectance and Chromaticity Analysis
The surface reflectance for all reservoirs showed that Green reflectance is higher
compared to reflectance in Red and Blue bands overtime (Figure 5 & 6). Moreover, chromaticity
analysis for all three reservoirs also showed various color ranges on the color space. Specifically,
temporal and spatial variabilities of each reservoirs exhibited a shifting color space pattern from
blue towards yellow and/or green color. Plot in the green color space is typical of chlorophyll
constituent in the water where chlorophyll absorbs in the Blue and Red bands and reflect in the
Green band. While sampling points in the yellow color space might indicate suspended
sediments in the water and/or a wastewater (i.e., disturbed water) (Garaba et al., 2015; Koenings
& Edmundson, 1991). Higher reflectance values in Green band (B3) alone could also suggest
high concentration of chlorophyl-a in the water which could be caused by extensive fish farming
and agriculture activities, and nutrient runoff from nearby watersheds that passes through all
three reservoirs and ended up in Java Sea (Figure 20 and 21). High population density could also
imply more input of wastewater from public or industrial use which will result in higher surface
reflectance pattern since wastewater will add more optically active constituents to waterbodies
that is observable from the satellites’ sensor. The geographical location of these reservoirs and
cities in respect to socioeconomic impact shows that croplands and population density could
bring more input of nutrient runoff, wastewater, and other harmful constituents to the receiving
water bodies.
Outliers in reflectance values were observed in the dataset for Jatiluhur, Cirata, and
Saguling reservoir. The outliers show extreme values that lies outside most of other values in the
dataset. We specifically looked at outliers with SR value > 0.1 for Jatiluhur and Cirata reservoirs,

39

while SR value > 0.07 for Saguling. There are three outliers with SR value > 0.1 (Figure 8,
marked by circle and arrow) which corresponds to different sampling locations. These outlier
samples are located very close to the shoreline area, which caused the outliers to be farthest from
the average values. Whereas SL_4 outliers is recorded only in the Red band, which is located on
the edge of a coastal soil or land (See Figure 22). It is also important to point out that, since
outliers are also a function of the sampling location, some of the highlighted outliers (e.g., SL_4
and SL_5 in Figure 8) illustrates an anomaly in the surface reflectance. For instance, when all the
non-outlier’s data are plotted in the whisker plot of Figure 8, the data represents the surface
reflectance of water bodies, while the outliers (e.g., SL_4 & SL_5) might represents a signature
of non-water bodies (e.g., land mass).
For the Cirata reservoir, sampling location (SL_33 with SR value > 0.1 in 2017 and
2019) that produced the outliers is located at a narrow stream channel and the shoreline for this
channel varies through the years. For example, in the 2019, the channel was dry as it is seen on
the satellite imagery and was saturated with water back in 2017. Similarly, for Saguling
reservoir, the SL_53 sampling location recorded with SR value > 0.07 for the Green and Red
bands in 2019. SL_53 is located in narrower channel in Saguling reservoir. With current
resolution from Landsat 8, it seems SL_53 falls on soil or sediments (see Figure 25).
For Saguling reservoir, the surface reflectance’s ratio for all years except 2018, can be
considered as the lowest compared to Jatiluhur and Cirata reservoirs. This pattern might suggest
that high concentration of optically active constituents and nutrients started out by accumulating
in Saguling reservoir, then transported to Cirata, Jatiluhur, and finally Java Sea. During the
transport to Cirata and Jatiluhur reservoirs, other input-factors such as nutrient runoff from
nearby watershed might induced the high ratio in both reservoirs.
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Although chromaticity diagram is a quantitative model for watercolor standards, the
resulting color space graph might also be interpreted in the way that describes the qualitative
aspects of water bodies. For example, since the extraction and conversion of the surface
reflectance from the sampling location involve a quantitative analysis; qualitatively, in
chromaticity diagram (2014-2021), the watercolor for Jatiluhur and Cirata reservoirs have
substantial changes from blue to yellow and green watercolor illustrated in Figure 9 and 13,
respectively, while Saguling reservoir has remained constant with yellow and few oranges
watercolor. In comparison, blue watercolor suggests clean water (i.e., no significant
concentration of optically active constituents), while yellow and green watercolor signifies the
water is saturated with high concentration of sediments and/or nutrient runoff, and chlorophyl-a
(Garaba et al., 2015).

5.2 Jatiluhur Reservoir
Higher surface reflectance in 2018 for Jatiluhur reservoir, specifically for Green band
might suggests high input of nutrient runoff and/or chlorophyl-a from nearby sources such as
agriculture and aquaculture (e.g., fish farms), untreated domestic and industrial wastewater, and
deforestation and land use change. The latter factor might be the leading cause (Figure 20),
although there are three outliers in the dataset, which implied uncertainties in the interpretation.
For SL_5 (Figure 22) which still fall on a pixel that represents water and it is relatively
close to the coast, the resulting color space is plotted in the orange color. Similar to SL_4, the
orange color space might indicate high concentration of sediments or suspended materials that
are accumulated along the coast (Appendix A5). The similarity in the color space plot between
SL_4 and SL_5 might indicate that sampling locations that are near the coast/shoer might not be
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sufficient to be used as a measure of watercolor, thus can be considered as one of the limitations
for the sampling locations of this study. For sampling location near and/or at the fish farm, the
plotted data are located in orange and yellow-green color space (Appendix A6). We used
conditional function (e.g., true and false) in RStudio to highlight the sampling point in interest
for specific year. True statement defines that the plot in the color space corresponds to the
sampling point and the year we investigated.
The fish-farm chromaticity diagram shows different color space. For instance, the bottom
point in the index map of fish farm is plotted in the orange color space, while top point is in
green-yellow color space (Appendix A6). On one hand, the bottom sampling location area (index
map) is generally affected by green plumes which we speculated as algal bloom. On the other
hand, the top sampling location (index map) has more concentrated fish farm which might give
the green-yellow plot in color space, especially on how fish farmers used different fish food to
increase productivity over sustainable water quality.
The chromaticity diagram showing the temporal variability of watercolor from 2014 until
2021 for Jatiluhur reservoir exhibited a significant change over time. For example, the plot in
2014 shifted from blue to green, then to yellow in 2018, and shifted back to green again in 2021.
The shifting pattern in the color space (Figure 10) mentioned above might be an indicator of
changes in the input of nutrients, sediments, or microorganisms over time, especially when the
plot changes to yellow and green. Only in 2014, we see that there are samples plotted in the blue
color space. After 2015, the color space changes from yellow to green. The fact that there is no
plot in the blue color space might suggest that the water quality was deteriorating, i.e., there is an
increased activity of nutrient input from agriculture/aquaculture activity and sediments coming
into the reservoirs, especially after wettest period (Appendix A14). Appendix A14 shows that
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after DJF season, the precipitation rate is decreasing, with JJA being the driest. This factor
signifies that most nutrients and sediments are most likely to be transported after DJF season and
started to accumulate between the period of MAM and SON.
Sampling points with less variability (Figures 11a) tends to be more clustered in the light
yellow and green color space. On the other hand, samples with more variability scattered in the
color space from blue to prominent green with some in the yellow color space. For example, the
samples in the blue color space are only registered in 2014, 2017, and 2018, while all other
sampling points are plotted in the light-yellow to prominent green color space. Spatially, this
pattern might suggest a mixing of sediment or nutrients rich water with water less concentration
of sediments (i.e., undisturbed water). While less variability plot indicates slightly disturbed
water with moderate concentration of optically active constituents (e.g., microorganisms) based
on its light-yellow/green color space. The brighter the color, the higher the chance the water is
disturbed (i.e., high concentration of microorganisms or suspended sediments/nutrients). In other
word, it might be possible that the more variability samples illustrate how nutrients from one
region of the reservoir (e.g., near fish farm) started to populate to a region with less fish farm or
an undisturbed water.
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Figure 22 Sampling location for SL_4 and SL_5 in Jatiluhur reservoir in 2018. SL_4 and SL_5 also corresponds to
the farthest outliers in the dataset. Landsat imagery acquired from USGS Global Visualization Viewer
(https://glovis.usgs.gov/app).

5.3 Cirata Reservoir
Generally, the Blue, Green, and Red bands reflectance are higher in 2018 than any other
years. Considering that Cirata reservoir is not surrounded with high density of population and
agriculture. Higher surface reflectance in 2018 might be caused from aquaculture activity,
particularly on the Green band in general. In areas of concentrated fish farms in the reservoir, the
higher the Green band will be, which might also be affected from nutrients and sediments
transport during and/or after rainfall event. Although precipitation rate in 2018 is low, the
precipitation rate from previous years (2016 & 2017) are relatively high, which might confirm
that nutrients and sediment transport occurred during and/or after high rainfall event in 2016 and
2017 (Appendix A13 &A14).
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High SR ratio in 2017 and 2019 could be due to sediments or materials in the water. For
example, in 2019, the stream channel was dry, and the sampling location did not measure the
reflectance of apparent water bodies instead the sediment or soil in the stream channel. While in
2017 (Figure 23), the water is saturated with sediment or materials that might come from nearby
source such as fish farm activities since there is less agricultural activity and population in the
surrounding reservoir (Figure 20 and 21). The other factor that might yields high SR ratio
emerge from wastewater and sediment transport from Saguling reservoir since the general flow
is trending to the Java Sea (north direction).
In the chromaticity diagram for SL_33 in 2017 and 2019 (Appendix A7 and A8), the plot
is approximately located on yellow-green and orange color space, respectively. The change in
color space plot for these periods are mainly affected by nutrients or sediment in the water. For
fish farm’s sampling location in 2017 and 2019 (Appendix A9 and A10), particularly the bottomleft point, it shows a significant change in the color space from light yellow/orange to green
color, respectively. The top-right sampling points show no significant change in the color space.
The change in color space pattern for the bottom-left point might indicate there are more fish
farm activity in the sampling location that might affect the plot in color space since precipitation
rate in 2017 (3.06 mm/day) and 2019 (0.83 mm/day) is generally low during dry periods (MayOctober) (Appendix A13-A14).
The general pattern of all plotted data in the color space for Cirata reservoir show a
general agreement with Jatiluhur reservoir, which could be an indicator of similar characteristics
of the water bodies (Figure 9 and 13). The plots range from blue to yellow and green color space,
with some clustered plot in the green color space. The different pattern in the color space,
considering the clustered plot in green, might be derived from transport of wastewater, nutrient
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runoff, suspended sediments, and microorganisms from Saguling reservoir over time. As nutrient
and sediments are transported during and/or after DJF (e.g., wettest season), they are also starting
to accumulate in the reservoir until they are transported again to Jatiluhur reservoir by the next
DJF season (Appendix A14).
Similar to Jatiluhur reservoir, blue color occurs only in 2014, while the rest of the years
are shifting towards two different patterns: a divided plot in green/yellow and light-yellow color
space (e.g., 2014-2017, and 2020-2021) and a clustered plot in 2018-2019. In 2018 and 2019
where the sampling points are clustered in the light-yellow/green and orange color space, the
water assumed to be slightly disturbed. In contrast, clustered points in the brighter/prominent
color space, in the bright green/yellow color space are characterized as highly disturbed water.
The less variability and more variability plot are also in agreement with the plot in
Jatiluhur reservoir. We established that the change over time suggest similar circumstances
where transport of sediment and nutrients is the main factor of generating such plot in the color
space. For instance, Figure 15b illustrates that 5 data points are plotted in the brighter green color
space consist of plot from 2014, 2017-2019, and 2021, while the rest of the plot are in light blue
(slightly undisturbed) to light yellow/green (slightly disturbed). The 5 data points mentioned
earlier might implies that the sampling location for these data points might be located in the
clustered fish farm or nutrients and sediments are dispersed to the location from possible sources
such as fish farm, wastewater transport from Saguling, and coastal area since there is not much
agriculture activity in the surrounding reservoir. While Figure 15a indicates that the clustered
plot is spatially close to each other (i.e., sampling locations are either clustered in and/or away
from the fish farm). We found that the sampling location are located in clustered fish farm, since
the color space plot are in light green and few in orange color.
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Figure 23 Sampling location for Green and Red bands in Cirata reservoir in 2017. Landsat imagery acquired from
USGS Global Visualization Viewer (https://glovis.usgs.gov/app).
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Figure 24 Sampling location for Green and Red band in Cirata reservoir in 2019. Landsat imagery acquired from
USGS Global Visualization Viewer (https://glovis.usgs.gov/app).

5.4 Saguling Reservoir
Similar to Jatiluhur and Cirata, Saguling reservoir also have higher surface reflectance in
2018, particularly on the Green band, which can be associated with microorganisms’ activities
(e.g., chl-a) and its relative location with Bandung city (population of 5.6 million), one of heavily
industrialized city in Indonesia. It is possible that with > 540 industrial companies (e.g., textiles,
medicines, and foods), much of its untreated wastewater are drained into the nearby rivers and
streams that feeds directly into the Saguling reservoirs. Even with treated wastewater, much of
the water tank treatment are built along the river that does not follow proper regulation to
minimize nearby rivers and streams from being polluted.
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The outliers in 2019 coming from sampling location SL_53 (Figure 25) is located on a
narrow channel that might recorded a surface reflectance for both land mass and water since it is
located along the shoreline. In the chromaticity diagram, it is plotted in brighter yellow and/or
orange color. In contrast, the fish farms are relatively in the same brighter yellow/orange color
space plot, indicating similar characteristic of water bodies that is showing moderate-high
disturbed water.
All plotted data for Saguling reservoir in the color space is located in the light yellow and
orange color (Figure 17). The pattern implies during the period of 2014-2021, there is no
significant change in the watercolor. The consistent watercolor in the yellow, orange, and green
color space indicated moderate to high concentration of optically active constituents in the water,
moderate-high disturbed water compared to Jatiluhur and Cirata reservoir. Saguling reservoir is
highly disturbed for a number of reasons: 1) sediment, nutrient runoff, and industrial and public
wastewater is transported and accumulated in Saguling first, 2) low precipitation in 2019
(Appendix A13-A14) limit the transport of the wastewater and sediment/nutrient runoff to the
next receiving water bodies such as Cirata, Jatiluhur, and Java Sea in the north.
The chromaticity diagram based on temporal variability (Figure 18) shows that Saguling
reservoir has no plot in the blue color space, instead all the data are plotted in the yellow, orange,
and green color space indicating the reservoir is polluted over time. The orange and/or yellow
color suggest more input from both treated and untreated industrial and public wastewater as a
result of high-density population (Figure 21). The spatial variability plots (more and less
variability plots) showed the sampling locations (i.e., data points) are generally plotted in the
brighter color space. This implies that even locations away from the fish farm are of moderatehighly disturbed water.
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Figure 25 Sampling location for SR_3 and SR_4 in Saguling reservoir in 2019. Landsat imagery acquired from
USGS Global Visualization Viewer (https://glovis.usgs.gov/app).

5.5 Limitations and Future Work
Limitations of this study include limitation coming from satellite data acquisition,
selection of sampling locations, and the chromaticity analysis method. During satellite scenes
acquisition, cloud cover highly affects the quality of the imagery. Climate is a big factor; thus, it
is imperative that one should know the general climate in any study area when working with
remote sensing data. Since Indonesia is a tropical region, and only knows two seasons: wet and
dry, we established that the scenes collection should be on dry period (May – Oct) with 10%
cloud coverage. Using scenes only on dry period could also be a limiting factor in this study,
since using scenes on wet period might provide a results that can be compared to the dry period
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data. However, most of scenes on the wet period are highly covered by clouds, and thus becomes
a challenge. As a result, we have seven imageries from 2014-2021 on the dry periods, excluding
the 2016 scenes. Then, we only used the scenes with the best possible result after cloud filtering
and removal from 2014-2021 between the months of May until October.
Due to coarse spatial resolution of the Landsat imagery (30-m spatial resolution), it is
difficult to distinguish if any of the sampling locations fall exactly on water bodies, especially
those that are located near and/or at the fish farm structure and for sampling locations that are
close to the coast/shoreline. There are different satellites with better spatial resolution and
designed specifically for water imaging analysis (e.g., Sentinel). The other option is to use UAVs
(drones) for detailed and higher spatial resolution of imagery, though it may come with very
large data for water bodies such as Jatiluhur, Cirata, and Saguling reservoir.
Sampling locations that fall near and/or at the fish farm structures affected the plot in the
color space, however, many of sampling locations does not have extreme outliers. For instance,
some of the extreme outliers we investigated are located on land and coastal area. Consequently,
the color space plot does not differ much, rather they are representative of sediment or soil with
an orange color in the color space (Appendix A5-A6). With this in mind, we presumed it is still
acceptable to use random sampling point method rather than manually selecting different
sampling locations for each reservoir. The random sampling point method prevented us from
being biased, since the generation of sampling points is of crucial steps to extract the surface
reflectance values. It is also important that the sampling location is supported with real-physical
data over the water bodies that summarize the water quality.
Lastly, the PAVO package is a new tool for color analysis using spectral data (Maia et
al., 2019). Since it is initially developed for sensory ecology and evolution application; it has
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limited use. Nevertheless, the CIE spaces in the manual book used exactly the same
mathematical equation (Eqn. 1-3) for any chromaticity analysis from previous work (Gardner et
al., 2021; Lehmann et al., 2018; S. Wang et al., 2015). Thus, it would be better to have separate
package only for chromaticity analysis with more flexible and user-friendly function to plot the
xyz chromaticity coordinates and differentiate each of the plot into different category based on
the user’s needs. After all, we concluded that the standard method of plotting xyz chromaticity
coordinates into the color space in PAVO package at this stage is a suitable choice to
demonstrate the feasibility and application of large-scale watercolor analysis.
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CHAPTER VI: CONCLUSION
Jatiluhur and Cirata reservoir exhibits relatively low-moderate disturbed water, while
Saguling reservoir shows moderate-high disturbed water based on the chromaticity analysis this
study proposed. Primary factor for yellow and orange color space plot is generated as a result of
accumulation and transportation of nutrient runoff, suspended sediments, and untreated
wastewater from agriculture and aquaculture activities, public and industrial sector, and land use
change. Plot in green color space is primarily affected by accumulation of microorganisms such
as chlorophyl-a in the water bodies over time. Blue plot signifies pure water or undisturbed water
bodies which only recorded in Jatiluhur and Cirata reservoir in 2014, then became a disturbed
water afterward (e.g., 2015-2021) for all reservoirs.
Furthermore, this study provides new intuitive tools, such as watercolor chromaticity
analysis which enabled us to quantify watercolor and determine water quality of the water bodies
by using spatial, temporal, and spectral pattern of water observable from satellite sensors (i.e.,
remote sensing). The following are the major conclusion of this study:
•

Jatiluhur and Cirata reservoirs displays low-moderately disturbed water after 2014.

•

Saguling reservoir is determined as moderate-high disturbed water from 2014-2021 due
to accumulation of nutrients runoff, suspended sediments, and wastewater from nearby
sources such as agri- and aqua-culture activities, public and industrial sector, and highdensity croplands and population area.

•

Better spatial resolution (i.e., > 30-m) might allowed us to differentiate if any of the
sampling locations fall exactly on water bodies, land, or coastal area.

The result of this study indicates that watercolor, through chromaticity analysis, can be used as a
proxy or indicator of water quality in any open water bodies to some degree. Recommendations
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on future work primarily depend on using chromaticity analysis for identification of hotspots of
change in rivers watercolor, supported with physical data as a basis for validation and calibration
between remote sensing and in-situ data.
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APPENDIX A: PRECIPITATION AND COLOR SPACE PLOTS

Appendix A1. Seasonal precipitation map of Java Island in Dec-Feb (DJF) from 2013-2021. Data retrieved from NASA’s website
(https://giovanni.gsfc.nasa.gov)
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Appendix A2. Seasonal precipitation map of Java Island in Mar-May (MAM) from 2013-2021. Data retrieved from NASA’s website
(https://giovanni.gsfc.nasa.gov)
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Appendix A3. Seasonal precipitation map of Java Island in Jun-Aug (JJA) from 2013-2021. Data retrieved from NASA’s website (https://giovanni.gsfc.nasa.gov)
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Appendix A4. Seasonal precipitation map of Java Island in Sep-Nov (SON) from 2013-2021. Data retrieved from NASA’s website
(https://giovanni.gsfc.nasa.gov)
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Appendix A5. Chromaticity diagram for SR_3 and SR_4 of Jatiluhur reservoir in 2018 with the corresponding sampling locations (yellow dot). True and false
define the corresponding plot for year 2018 on the highlighted sampling locations.
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Appendix A6. Chromaticity diagram for sampling location near and/or at fish farm in Jatiluhur reservoir in 2018 with the corresponding sampling locations
(yellow dot). True statement defines the corresponding plot for year 2018 on the highlighted sampling locations.
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Appendix A7. Chromaticity diagram for SR_3 and SR_4 of Cirata reservoir in 2017. True statement defines the corresponding plot for year 2017 on the
highlighted sampling locations.
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Appendix A8. Chromaticity diagram for SR_3 and SR_4 of Cirata reservoir in 2019. True statement defines the corresponding plot for year 2019 on the
highlighted sampling locations.
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Appendix A9. Chromaticity diagram for sampling location (yellow dot) near and/or at fish farm in Cirata reservoir in 2017. True statement defines the
corresponding plot for year 2017 on the highlighted sampling locations.
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Appendix A10. Chromaticity diagram for sampling location (yellow dot) near and/or at fish farm in Cirata reservoir in 2019. True statement defines the
corresponding plot for year 2019 on the highlighted sampling locations.
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Appendix A11. Chromaticity diagram for SR_3 and SR_4 of Saguling reservoir in 2019. True statement defines the corresponding plot for year 2019 on the
highlighted sampling locations.

72

Appendix A12. Chromaticity diagram for sampling location (yellow dot) near and/or at fish farm in Saguling reservoir in 2019. True statement defines the
corresponding plot for year 2019 on the highlighted sampling locations.
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Appendix A13. Long-term (2013-2021) precipitation rate in Java Island from May – October. Data retrieved from NASA’s website
(https://giovanni.gsfc.nasa.gov)
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Appendix A14. Seasonal precipitation (DJF – SON) in Java Island. Data retrieved from NASA’s website (https://giovanni.gsfc.nasa.gov). Dashed line illustrates
the trendlines.
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